Maize is one of the most nutrient demanding staple crops. Tissue nutrient diagnosis of maize is currently conducted using critical nutrient concentration or dual ratio ranges, but such diagnoses are pathological as biased by data redundancy, sub-compositional incoherence and non-normal distribution. The use of orthogonal balances, a compositional data analysis technique, avoids such biases. Our objective was to develop foliar nutrient balance standards for maize. We collected 758 grain yields (15.5% moisture content) and foliar samples at silk stage in maize fields of southern Quebec, Canada, and analyzed ten nutrients in tissues (N, P, K, Ca, Mg, B, Cu, Zn, Mn, Fe). Nutrients were arranged into ad hoc balances and computed as isometric log ratios (ilr). An optimized binary classification performed by a customized receiver operating characteristic procedure showed that a critical Mahalanobis distance of 4.21 separated balanced from imbalanced specimens about yield cut-off of 11.83 Mg grain·ha −1 with test performance of 86%. Quebec maize balance standards differed from published standards computed from DRIS norms collected in other agroecosystems. The Redfield N/P ratio in maize leaves was found to be the least variable balance across regions of the world. The DRIS dual ratios and raw concentration values were found to be geometrically inadequate for conducting diagnosis. The unbiased nutrient balance diagnosis combined the critical Mahalanobis distance and a mobile representation of nutrient balances with ilr means of true negative (TN) specimens centered at fulcrums and back-transformed ilr values of TN specimens into raw concentrations loading the buckets below. Nutrients can be appreciated as relative shortage, adequacy or excess in the concentration domain following statistical analysis and diagnosis in the unbiased balance domain.
Introduction
Maize is one of the most nutrient demanding staple crops. As an aid to assess the nutrient status of maize agroecosystems, tissue analytical data are currently diagnosed using critical nutrient concentration ranges (CNCR) [1] or dual ratios [2] . However, the CNCR is biased for not accounting for nutrient interactions [3] . Although dual nutrient ratios may reflect interactions [4] , there are D × (D − 1)/2 possible dual ratios in a D-parts composition; most of them are redundant and spuriously correlated because a D-parts composition has only D − 1 degrees of freedom [5] . Dual ratios may thus lead to misinterpretations when correlated with yield [6] . The Diagnosis and Recommendation Integrated System (DRIS) integrates dual ratios into D indices [4] . Crop nutrient diagnosticians conduct CNCR and DRIS separately to identify the most limiting nutrients [7] . Because CNCR and DRIS are both methodologically biased [6, 8, 9] , hence pathological, they may lead to conflicting interpretations [10] [11] [12] [13] .
Nutrients in fresh or dry tissue matter are related not only physiologically through interactions [3, 14] but also numerically [15] due to closure forcing relative amounts to add up to 100%. Indeed, tissue analytical data belong to the class of compositional data that are strictly positive, intrinsically related to each other and constrained between zero and the unit of measurement [15] . Using raw compositional data to conduct linear statistical analysis leads to methodological biases caused by redundancy of information, non-normal distribution and sub-compositional incoherence [16] . Because one component is redundant, the compositional vector has D − 1 degrees of freedom [5] . To avoid biases, [15] proposed using the additive log ratio (alr) and the centred log ratio (clr) transformations. The alr generates D − 1 variables, i.e. equal to the number of degrees of freedom in a compositional vector, but does not preserves Euclidean distances; the clr preserves Euclidean distances, but generates D variables from a composition of D parts, hence keeping redundancy of information that produces a singular covariance matrix. The isometric log ratio transformation (ilr) [17] avoids the drawbacks of alr and clr. The DRIS involves adding up variables but additivity is not supported by proper geometry. The inappropriate DRIS geometry has been rectified using clr (CND-clr) [18] . The ilr (CND-ilr) not only fits the Euclidean geometry perfectly but can also illustrate nutrient relationships as hierarchically arranged binary balances between groups of nutrients to describe the system under study [19] . The ilr concept was found to be the most appropriate for conducting multivariate analysis [20] and plant nutrient diagnosis [8, 19, 21, 22] .
Our objectives were to 1) develop ilr standards for maize in Quebec, Canada, 2) demonstrate the pathological behavior of DRIS and the critical raw concentration range models, and 3) compare the Quebec maize balance standards to published nutrient standards.
Theory

Compositional Data Space
A compositional vector is closed or constant-sum constrained as follows [15] :
where c i is the i th part of a composition constrained to the unit of measurement κ. Because plant nutrient concentrations are usually reported as amounts relative to dry matter, a filling value (F v ) can be computed by subtracting the sum of analyzed nutrients (N, P, K, Ca, Mg, etc.) to the total dry matter. The F v is thus a part of the composition. Its inclusion allows back-transforming the ilr values (see next section) into concentration values with familiar units of measurement.
The Isometric Log Ratio (ilr)
The ilr technique [17] generates D − 1 non-overlapping orthogonal log-contrasts that are interpreted as balances. Balances are designed according to a D × (D − 1) matrix named the sequential binary partition (SBP). Each row of the SBP defines a balance of the components in columns: in each row, parts labeled "+1" as group numerator are balanced with parts labeled "−1" as group denominator and parts labeled "0" are excluded. Each sequential row splits into sub-compositions until each subset contains a single part. Balances are computed as follows [23] :
where, in the j th row of the SBP, j n + and j n − are the numbers of components in the "+1" and the "−1" subsets, respectively, g ( j c + ) and g ( j c − ) are geometric means of components in the "+1" and "−1" subsets, respectively.
The orthogonal coefficient, 
where ilr i is the ilr vector of the diagnosed composition, The compositional mobile is a metaphor that represents the balance system as shown in Figure 1 . An ideal set of balances (white circles) is located at the center of horizontal bars and an observational set, dragged by concentrations in buckets, is presented for comparison. Analyses and diagnoses are conducted in the balance domain, whereas the associated concentrations are appreciated in the concentration domain. Even though Mg and N appear to be quite on par with the ideal composition shown by the horizontal line across the buckets, they appear to be misbalanced at fulcrums. Because a nutrient cannot be appreciated without relating it to at least another one, working with balances is of paramount importance.
Designing a Sequential Binary Partition (SBP)
There are D × (D − 1)/2 D−1 possible balances that can be elaborated from a D-parts composition [24] . However, the balances between plant nutrients should reflect the way the designer conceives the system, whether based on prior and expert knowledge [6, 8, 21, 22] , e.g. in terms of plant physiology, the agronomic practice or some statistical relationships [6, 9] or by exploratory biplot analysis across clrs-where
. In any event, the results of multivariate statistical analyses across ilr variables are not influenced by the selected SBP. Indeed, the Euclidean distance matrix of ilrs is independent of SBP: switching from a SBP to another one consists in drawing another set of orthogonal axes across the same data scatter, resulting in data translation, rotation and symmetry. However, the analyst can benefit from selecting interpretable balances.
We designed a SBP ( Table 1 ) based on prior knowledge of nutrient interactions [3] . Nutrients were first contrasted with the filling value. Macronutrients and B were separated from cationic micronutrients. Macronutrient anions (N, P) were contrasted with macronutrient cations (K, Ca, Mg) as suggested in nutrient solution studies [25] . Macronutrient anions were further subdivided into a [P|N] balance [26] and cationic balances [14] . The Cu, Zn, Fe and Mn contrasts involve considering both soil properties and fungicide formulations and could be supported by biplot analysis.
Attempt to Transform DRIS Norms into Balance Standards
The macronutrient DRIS dual ratio norms retrieved from literature were converted into ilr variables. For N/P and Ca/Mg, the conversion was straightforward as follows:
where r = 1 and s = 1 In case of multi-ratios, the ilr formula was decomposed into linear combinations of dual ratios. The [Ca, Mg K|N, P] balance was decomposed as follows (excluding the orthogonal coefficient):
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Equation (5) was multiplied by 6 5 to obtain the corresponding ilr value.
The [Ca, Mg|K] balance was re-arranged as follows (excluding the orthogonal coefficient): 
Equation (6) was multiplied by 2 3 to obtain the ilr value.
Receiver Operating Characteristic
Binary classification relates a predictor and a response. In crop science, one can use the yield as response. As for prediction, [8] used the Mahalanobis distance between an observation and the center of a reference group (with its associated covariance), corresponding to high yield and adequate nutrient compositions as defined by nutrient balances. The lower the distance, the closer the nutrient balance profile of the observation is to the one of the reference group. A predictor delimiter must be deter- 
mined to separate adequate from inadequate nutrient compositions. Also, because in the case under study the response is continuous (rather than binary, as found in most clinical binary classifications), a response delimiter is also needed. Once delimiters are set, four quadrants are created:  TP (true positive): low yield, above critical nutrient predictor.  FP (false positive, type I error): high yield above critical nutrient predictor.  TN (true negative): high yield, below critical nutrient predictor (reference group).  FN (false negative, type II error): low yield, below critical nutrient predictor. Delimiters must be determined using performance criteria. The receiver operating characteristic (ROC) curve can be used for this purpose [8] . For a given response delimiter and a series of possible predictor delimiters, a ROC curve relates sensitivity to specificity. The optimal predictor is the one maximizing the Youden index, i.e. J = sensitivity + specificity -1) ( [34] ). The area under the ROC curve (AUC) is the probability that a randomly chosen low yielder will return a higher Mahalanobis distance than a randomly chosen high yielder.
In survey analyses, a reference group must be defined. However, the Mahalanobis distance from TNs' centroid (M TN , the predictor) cannot be computed without knowing a priori which observations could be classified as TNs. An iterative procedure is thus needed, as follows. "For a given response (crop yield) delimiter, the predictor is initiated using high-yielders as reference specimens for computing M HY . Thereafter, a predictor delimiter is selected and its barycenter and co-variance are computed among newly delineated TN specimens in order to compute M TN . The M TN is iterated until two iterations classify observations identically." [8] 3. Materials and Methods
Data Set
We collected maize yield and foliar analytical data at 758 locations (farmers' fields and experimental plots) in the St-Lawrence Lowlands of southern Quebec, Canada. Ear leaves were collected in July at silk stage. Foliar N was determined by combustion (CNS-Leco 2000). The P, K, Ca, Mg, Zn, Cu, Mn, Fe, and B concentrations were determined by IPC-OES after digestion in a mixture of nitric and perchloric acids [27] . Grain was machine-harvested in large plots and hand-harvested in small plots. Grain yield was expressed on 15.5% moisture basis.
Statistical Analysis
Statistical computations were conducted in the R statistical environment [28] , using the R "compositions" package [29] . Outliers were discarded at the 0.01 level using R's "mvoutlier" package [30] . Biplot analysis was conducted using clr-transformed data [31] . The MoorePenrose pseudo-inversion was used to avoid singularities in the inversion of the covariance matrix needed for computations of Mahalanobis distances [32] . Computations needed for the optimization of the binary classification and the DRIS were performed with R, using custom functions that can be provided upon request (serge-etienne.parent.1@ulaval.ca). To assure statistical significance, the minimum number of points in the TN or TP quadrants was set to 10% of the data set.
Results
Outliers
A number of 106 outliers were discarded from the data set, representing nearly 14% of the whole data set, leaving 689 data for subsequent analysis. 
Biplot Analysis and Sequential Binary Partition (SBP)
The SBP ( Table 1) was elaborated based on prior knowledge for macronutrients and clr biplot analysis for cationic micronutrients (Figure 2) . The Mn and Fe were found to be in the opposite direction, while Cu and Zn were nearly orthogonal to each other. The [Fe|Mn] and [Zn|Cu] balances were thus retained in the SBP.
Calibration of Nutrient Balance Standards
Considering a minimum of 69 observations either the TN or TP quadrant, the binary classification relating the Mahalanobis distance (predictor) to maize yield showed a maximum AUC of 86% and yield delimiter of 11,825 kg·ha −1 (Figure 3(a) ). The ROC curve corresponding to this yield delimiter is presented in Figure 3(b) . The maximum of the Youden's index was found at 0.68, for both specificity and sensitivity equal to 0.84, corresponding to a Mahalanobis distance delimiter of 4.21. The resulting binary classification is shown in Figure  3 (c). There were a number of 13 (2% of the data set) false positive and 98 (14% of the data set) false negative specimens. The true positive group comprised 74% of the data set (509). Nine percent of the population (69 specimens) was classified as true negative (TN). All TN specimens were grown on 1997 and 1999 where climatic conditions were highly favorable to the maize.
Nutrient balance standards are the means and covariance matrix of the TN group (Table 2), because both are needed to compute the Mahalanobis distance (Equation (3)). The compositional mobile presented in Figure 4 shows the compositional mean of TN at fulcrum compared to the balance means of TP specimens, both associated with their 95% confidence intervals. There were univariate significant differences between the following means of TN and TP balances: [ . No confidence intervals can be computed as concentration ranges because concentration values are compositional and subjected to interactions. Evidence of pathological behavior using concentration values is presented in Figure 5(a) where Mahalanobis distances were consistently inflated for concentration values compared to those computed from unbiased ilrs. Because the balances and concentrations are integrated into a mobile setup, the diagnosis cannot produce conflicting results as reported above for joint DRIScritical concentration range diagnoses. 
Comparison of Nutrient Balance Standards Worldwide
The DRIS proved to be a noisy, pathological, diagnostic system for maize. Indeed, there was a large discrepancy between the geometrically inadequate DRIS imbalance index [4] and the unbiased ilr-based Mahalanobis distance ( Figure 5(b) )-for sake of comparison, the F v component and the associated balance was removed from the DRIS and the ilr Mahalanobis distance, respectively. In addition, the DRIS dual ratio standards were not symmetrical as often reported [40, 41] , i.e. (X/Y) generally differed from 1/(Y/X) for nutrients X and Y. In addition, coefficients of variation were heterogeneous across studies (13% -101%).The comparison between the balance concept and DRIS was thus conducted with the only objective to show the large variation in maize nutrient standards worldwide. The Quebec DRIS dual ratios of TN specimens computed from ilr means back-transformed to raw concentration values were compared to literature standards [35] [36] [37] [38] [39] [40] [41] [42] [43] . There were large discrepancies between DRIS ratios worldwide ( Table 3) . Nutrient balance standards for grain corn in Quebec were also compared to literature DRIS ratio standards converted to nutrient balances ( 
Discussion
Although there is no standard for binary classification adequacy in plant nutrition, we considered that an AUC of 86%, comparable to tests in clinical biology [33, 44] , provided evidence for the informative relationship between yield and foliar nutrient signature. The AUC indicates the performance of the classification: a good performance is associated with a large area, reaching a maximum of 1, and a random classification will return an area close to 0.5. The true positive group comprised 74% of the specimens, indicating that nutrient management could be improved in those fields. In comparison with TN central values in Figure 4 , the critical nutrient ranges proposed by [1] were: 27 -40 g N·kg . Hence, only Mg was outside current published critical ranges.
On the other hand, DRIS has inadequate geometry that could not justify the additivity of variables [8] . [45] proposed to log transform dual ratios to reduce variance in DRIS standards and produce variances and means independent of dual ratio expression. Nutrient log ratio standards for maize have been further rectified using the clr transformation [46] . However, the clr is influenced by large variations in some components that affect the geometric mean used as denominator [20] such as cationic micronutrients used in fungicide formulations. The most appropriate log ratio transformation for the multivariate analysis of compositional data is the ilr, thanks to its Euclidean geometry [17, 20] , that preserves all the information from the raw data (the clr matrix is singular if one clr is not removed before conducting multivariate analysis) and allows computing multivariate distances across balances.
The large discrepancies between DRIS ratios indicated regional specificities. Nutrient balances reconstituted from published DRIS dual ratios showed that maize has high phenotypic plasticity across soil and climatic conditions, hence denying any universality of nutrient balance standards. The most consistent balance was [P|N] and the most variable was [Mg, Ca|K], reflecting high variability in regional conditions of soil, climate, and crop management. The Redfield N/P ratio varied between 7.3 and 12.5 at silk stage. The reference N/P ratio in Quebec was 11 after back-transforming ilr of 1.696. The balance between protein and rRNA syntheses results in a stable biochemical attractor that produces a given protein: rRNA or N/P ratio [26] . Indeed, [47] reported N/P ratios in the range of 10 to 20 across plant species and physiological ages. The physiological age of the plant part is an important factor that affects nutrient concentrations [14] . This is why nutrient levels and ratios should be compared to standards at the same physiological age [9, 48] . The N/P ratio close to 10 seemed to be appropriate for maize at silk stage.
The TN specimens represented data for 1997 and 1999 only. Therefore, nutrient balance standards reflected exceptional climatic and soil conditions during those productive years. Such standards thus informed on nutrient balance targets to reach under the most favorable growing conditions. On the other hand, because all nutrients but Mg were within published optimum ranges in the TN group, this relatively low Mg concentration possibly resulted from Mg dilution at high yield level. Although this apparent Mg shortage may result in lower proportion of proteins and accumulation of carbohydrates, it does not necessarily lead to low yield [14] . Nevertheless, field trials are needed to validate nutrient balance standards.
Conclusion
This paper showed that nutrient balances and raw concentration values can be interpreted coherently using a mobile-fulcrums-buckets setup that combines a balance domain for nutrient diagnosis and a concentration domain for nutrient level appreciation. Nutrient balance standards are the means and the covariance matrix of ilr transforms for a population of true negative specimens Foliar Nutrient Balance Standards for Maize (Zea mays L.) at High-Yield Level
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determined following a customized iterative receiver operating characteristic (ROC) procedure. Nutrient balance standards for maize grown in Quebec differed from those from other regions of the world except for the Redfield N/P ratio that varied least possibly due to its role in regulating protein metabolism. The balance standards need to be further validated with field fertilizer trials.
